Abstract. Ant Colony Optimization (ACO) has been applied in supervised learning in order to induce classification rules as well as decision trees, named AntMiners. Although these are competitive classifiers, the stability of these classifiers is an important concern that owes to their stochastic nature. In this paper, to address this issue, an acclaimed machine learning technique named, ensemble of classifiers is applied, where an ACO classifier is used as a base classifier to prepare the ensemble. The main trade-off is, the predictions in the new approach are determined by discovering a group of models as opposed to the single model classification. In essence, we prepare multiple models from the randomly replaced samples of training data from which, a unique model is prepared by aggregating the models to test the unseen data points. The main objective of this new approach is to increase the stability of the Ant-Miner results there by improving the performance of ACO classification. We found that the ensemble Ant-Miners significantly improved the stability by reducing the classification error on unseen data.
Introduction
Data mining, the process of automatically extracting useful information from the realworld data bases. It has tremendous success in solving knowledge extraction problems from industry, science, engineering to government. Knowledge extraction can be done in many ways: clustering, classification, and regression, etc., of which classification has got the highest contribution and we focus on it in this paper.
In essence, classification discovers a model that represents a predictive relationship between the values and the attributes in deciding the classes of a given training data set, in turn, it is used to classify the unseen data (test set). The main aim of the classification task is to improve the accuracy and building the most reliable classifier. Predictive accuracy is the most commonly used evaluation measure.
Ant Colony Optimization (ACO) [5] -a meta heuristic designed to solve the combinatorial optimization problems that has been inspired from the foraging and pheromone trails behaviour of the natural ants. ACO has been applied for the classification task, in which, Ant-Miner proposed in [13] is the first of its kind of rule induction algorithm that deals with the nominal attributes of a given data set. Following the inception of the Ant-Miner, several extensions have been proposed as surveyed in [7] . A potential concern with ACO classification is the stability of its results. A classifier is said to be stable if it's ability of prediction is invulnerable even for small changes in the training data. For example, for 99 data points a stable classifier discovers a similar model as that on 100 data points.
Some single classifiers such as decision trees [14] produce most unstable models. Quite often the accuracy and/or the stability of the single classifier has been improved with the help of ensembles. Ensemble is the process of gathering the opinion from multiple experts. Some of the acclaimed ensemble approaches are Bagging, Boosting, Stacking, Random Forests that are explained in [18] . For example, bagging can be described as follows: a patient consults different doctors to get the prescription from each of them and at the end, will go with the majority of the prescribed opinions through voting. This simple technique highly reduces the variance present in the predictions.
In this paper, we propose to apply ensemble learning on Ant-Miners, named eAntMiner that improves the accuracy of the ACO classification while stabilizing the classification. The basic idea behind the creation of an ensemble Ant-Miner is to create a bagged classifier. We examine the stability of different Ant-Miners in the literature before we evaluate the ensemble approach. Then, we create a bagged Ant-Miner for each of the base Ant-Miner variation. We evaluate the impact of the ensembles in comparison with the single classifiers on 17 publicly available data sets that are drawn from the UCI Machine Learning repository [1] . The evaluation is carried both in terms of the classification error and the size of the discovered model.
The organization of the rest of the paper is as follows. We describe different search strategies of the Ant-Miner variations in section 2. Next, we examine the stability of Ant-Miners in section 3 and, in section 4, we explain the proposed ensemble approach. The experimental approach and results are explained in section 5. Finally, we conclude and provide some recommendations for future work in section 6.
Background
ACO classification follows a separate-and-conquer strategy in order to induce the rules. This procedure operates iteratively in two major steps: in the first step, the algorithm creates rules that classify a part of the training set (conquer), whereas in the second step, it removes the covered data points from the data set (separate). The inductive rule based classification models are of the form IF < term 1 AND ... AND term n > THEN < class > , where the IF part is the antecedent and, the THEN part is the consequent.
In the ACO classification, a construction graph is prepared with the (attribute, value) pair taken from the data set. Then, each ant stochastically chooses a vertex based on the pheromone and the heuristic information. The chosen vertex is a rule term where the ant continues to add new terms until all the attributes are covered. This newly created rule is pruned to remove the insignificant terms. This way a rule is prepared by every ant in the colony. A best rule is selected with the help of a quality function. The pheromone levels are adjusted by increasing it on the terms included in the best rule and decreased on the remaining. The discovered rules are pruned and then, the data points that the rule covers are removed and the next rule is created. This way, the algorithm continues till the predefined number of data points are reached and at the end the best list of rules are returned as the classification model. Many of the Ant-Miner variations follow this procedure except the new ACO based algorithms proposed in [8, 10] Medland et al. [8] proposed a new Ant-Miner, named cAnt−M iner P B , where each ant creates a best list of rules as opposed to the single rule creation by the cAnt-Miner in [9] . This small change has dramatically improved the accuracy of the classification. In [10] , an improved method named as Unordered-cAnt − M iner P B was introduced to discover the unordered rules (set of rules) as opposed to the ordered rules discovered by cAnt − M iner P B . It differs slightly from cAnt − M iner P B search strategy by constructing a set of rules for prediction instead of creating a list of rules. In this, the set of ant discovered rules are employed on the instance and at the end a single rule is used to predict the class of a given instance, as a result it has improved the interpretability of individual rules by reducing the size of the discovered model.
We discussed rule based classification models so far, ACO can also discover decision trees. Otero et al. [12] proposed a new decision tree induction algorithm, Ant-TreeMiner by combining the traditional decision tree methods and ACO. It has induced the trees that are of the form similar to the trees produced by C4.5 [14] . Although the ACO based classifiers are proved to be competitive enough with the well established machine learning methods, they still exhibit unstable behaviour. We examine the stability of different Ant-Miners in the following section.
Stability of Ant-Miners
A common notion in the machine learning community is that no classification algorithm is perfect. It can be true in many cases, in fact, it is worth interesting to test this fact, in the case of Ant-Miners. In fact, stability of the classifier suffers with a small change in the data. As all the Ant-Miners devise either the rules or the trees through the construction graphs in multiple iterations by a group of ants, operating on a different set of records in a dataset: particularly, this type of stochastic design, as a result, the inherent imperfection exerted, contributes to the unstable behaviour of Ant-Miners. With the effect from these reasons, it is important to examine the stability of Ant-Miners.
In this section we examine the stability of four relatively new Ant-Miners (cAntMiner, cAntM iner P B , U nordered − cAntM iner P B , Ant-Tree-Miner) with an observation through the test error of each classifier on a given dataset. The variation in the test error is observed in each run of the 10-fold cross validation [18] procedure. In essence, in this procedure the dataset is divided into 10 approximately equal chunks that in which, one chunk acts as test set while the remaining 9 chunks act as training set. It is continued for 10 runs varying the test set in each run. In this study, we selected six benchmark data sets 1 (balance-scale, credit-g, heart-c, breast-tissue, glass, pima) that are publicly available at UCI Machine Learning repository. Figure 1 represents the test error of the Ant-Miners in a 10-fold cross validation (stratified cross-validation as explained in [18] ). It shows a drastic change in the error from one run to the other on almost all the datasets. That clearly shows the unstable behaviour of all the four Ant-Miners. From the deviation in the curves, cAntM iner P B shows relatively less unstable behaviour while the remaining 3 Ant-Miners are highly unstable. Considering cAntMiner, continuous attributes are added to the construction graph that are of the form (attribute i = value i ). Then, cAntMiner assimilates dynamic entropy based discretisation procedure in devising antecedents of the rule with in the boundaries of (attribute i < value i and attribute i ≥ value i ). In the case of a small change in the dataset, a change in the boundary values is inevitable. That in fact, evolves a completely new rule with different boundary values as well as possibly a different attribute that in turn affects the predictive accuracy. For example, if age < 18 then yes, is a rule in the first run of the 10-fold cross validation in the next run with a small change in the data, the ants can devise a rule if age < 18 and tumour-size ≥ 25 then no, that results in an unstable model with a lot of change in the predictive accuracy. Hence, it serves as a common reason behind the instability of all the dynamic entropy based Ant-Miners. Apart from this, there are other factors that can contribute to the instability as the other Ant-Miners are extended from cAntMiner, as discussed in section 2. Both the trees represent a portion of the whole ant devised decision trees. We focused only on the part of the tree that recorded a change in one of it's nodes.
We now examine the remaining three Ant-Miners, of which, Ant-Tree-Miner is highly unstable. It is because of the fact that, a small change in the condition at any of the node of the ant devised tree model expends a significant change in the accuracy of the prediction. For example, Figure 2 partly shows the ant devised decision trees. The highlighted rectangular box (in red) is the only change in the entire model that altered the test error (can be observed numerically in Figure 1 ) to increase. This unstable behaviour is inevitable in almost all the other datasets, thus making the Ant-Tree-Miner highly vulnerable.
In the case of U nordered−cAntM iner P B , where the covered data points are kept for the next iteration of the algorithm without removing, that in turn, effects the stability. Although works in literature report an increase in the accuracy of this classification, the results in Figure 1 shows that the stability suffers.
We can think of different alternatives to compensate this difficulty by tweaking the Ant-Miner classification procedure. But, an acclaimed solution that dealt with the unstable classifiers in the traditional machine learning is the use of ensembles. Ensemble of classifiers improves the stability as well as the accuracy. Before we delve into the proposed ensemble approach we take a quick walk through the state-of-the-art ACO based ensemble classifiers.
ACO ensembles
We found a few number of ensemble ACO classifiers in literature. Of which, Chen & Wong [3] presented an ACO approach for the stacking ensemble, named ACO-Stacking. It addressed the difficulty to determine the configuration of base-layer classifiers and the meta-layer classifiers in Stacking. They demonstrated improved classification accuracy by selecting optimal configuration of base-classifiers using ACO search process.
Khalid & Freitas [16] proposed a new ACO based Bayesian network ensembles with a new ABC-Miner [15] as the base classifier, in order to predict the ageing related protein functions in bioinformatics. They identified the importance of human ageing related protein function prediction as a major application of hierarchical classification. They tackled this prediction task with the construction of a meta classifier through the best classifier selection, majority and weighted voting. for all t such that 1 ≤ t ≤ sizeOf (h) do 8:
; {Classify the instance across all the generated models.} 9:
end for 10:
return majorityVoting(prediction); {return the class that's predicted most.} 11: end while Despite the proposed approach in this paper, to the best of our knowledge there are few investigations in improving the stability of Ant-Miners. We found that there is a lot of scope to produce ensemble Ant-Miners to reduce the classification error there by improving the stability that ultimately helps to improve the classification ability of Ant-Miners.
eAnt-Miner
The proposed ensemble Ant-Miner algorithm follows the traditional bagging procedure explained in [2] . Bagging is a statistical technique defined as the bootstrapped aggrega-tion where the training set is bootstrapped for n times at which, n classification models are constructed. Then, each instance in the data set is classified across all the models as a result, the predictions are aggregated with the majority voting in case of classification, averaged if it is applied on regression. Algorithm 1 presents the pseudo code of the ensemble Ant-Miner.
In summary, the eAnt-Miner works as follows. It starts by taking the data set (S), base classifier (I), number of learning iterations (T) as the input. At any given instance the base classifier will be one variant of the state-of-the-art Ant-Miner classification algorithms considered in this paper. This algorithm works in two major steps. In the first step, it constructs a bootstrap sample (S t ) with a random replacement from the training data. In the second step, a model is prepared on the bootstrap sample (S t ), then, the newly generated model is stored for testing. This procedure is repeated until it reached the maximum number of learning iterations (T) so that T Ant-Miner classification models are resulted. Now, each instance is classified on all the T models that record the predicted class. The predicted class of the instance is decided with a majority voting on all the predictions produced by T different models. For example: in case of binary classification, if we consider 5 predictions [yes,no,yes,no,yes] then, yes is the predicted class resulted from the majority voting as it counts to 3.
Note that the original bagging procedure reduces the variance of the classifier as a result the predictive power of the classification improves. We discuss the impact of the bagged ensemble in the following sections.
Experiments
We consider four different Ant-Miner classifiers that are discussed in section 3. The same classifiers are used as the base classifiers with the proposed ensemble approach in which the names are preceded with the letter (e) from here onwards. Table 1 presents all the four selected Ant-Miner variations. Column 1 is the abbreviation of the corresponding Ant-Miner which we use to refer to that particular algorithm from here till the end of the paper. It also provides a brief explanation about the parameter settings, all the algorithms used the default parameter values proposed by the corresponding authors. A detailed explanation of the parameters can be found in their respective citations.
We performed two different type of experiments: the first one deals with the single classifier classification, the next one contains the ensemble of the classifiers. In the case of single Ant-Miner classification experiments, the performance is measured with the help of 10-fold cross-validation where the given data set is divided into approximately ten equal stratified partitions. One partition is held out as test data while the classifier learns to discover a model on the remaining nine partitions. In this case, the missclassification rate (i.e., the sum of the false positives and false negatives) is measured on the unseen (hold-out) partition considering that as the test error. The final value of the test error for a particular dataset is the average value obtained across the ten folds.
On the other hand, in the case of ensemble classification, we split the input data set into both training (70%) and test (30%) sets. Bootstrapped random samples with replacement are created on the training set. i.e., We created 10 random samples of data with the size of the training set. As a result, the base Ant-Miner discovered ten different The number of ants are set to 3000 while the minimum number of data points per rule are 5 whereas the maximum uncovered data points are 10 and convergence limit on the number of rules is 10.
The number of ants in a colony is set to 5 with a maximum number of iterations of 500, an evaporation factor of 0.90, the minimum covered data points are 10. An error based rule list quality function has been used. ATM Ant-Tree-Miner [12] The colony size is set to 50, the maximum number of iterations is 500, the evaporation factor is 0.90 with the minimum number of iterations per branch is 3. An error based tree measure is used to determine the quality of the ant discovered tree. U-cAMP B Unordered-cAntMinerP B [10] The colony size of 5, a maximum number of iterations is set to 500, evaporation factor is 0.90. The dynamic rule quality function is the best method to experiment hence, it is used in this paper. models that are used to created a single bagged ensemble classifier. The class values of the test set (unseen data) are predicted using the majority voting procedure (as explained in section 3.1). In this case also we recorded the test error of the resultant bagged ensemble. Note that the test error is often used as the classification error that explains the generalization ability of the classifier. This process is repeated for 10 iterations so that the final value is the average of all the iterations. 
Results
In order to perform the experiments, we have designated 17 publicly available datasets from the UCI Machine Learning repository [1] . Table 2 expounds the data sets used in the experiments. All the data sets contain unique data points (no duplicates). We compare the experimental results obtained in the two set-ups (single, ensemble classification) that determine the effect of the proposed approach on the classification error. Table 3 represents the comparative analysis of the average test error rates of single Ant-Miners with that of the ensemble Ant-Miners (bagged Ant-Miners). The lower the error value the better the classifier performance. A value for a given data set is shown in bold if it is significantly lower than the rest of the algorithms. Since, the Ant-Miners are stochastic algorithms we executed single Ant-Miner classifiers for 10 iterations with each iteration having one 10-fold cross-validation (i.e., 10 x 10 times for each data set). The average error value is computed across all the ten iterations. In case of ensemble classification, the average test error is calculated for 10 iterations with each iteration containing 10 random bootstrapped samples (i.e., 10 x 10 times for each data set). Table 4 summarizes the results obtained in terms of the average size of the discovered model. Each value in the table represents the average number of terms in the discovered model followed by the standard deviation (average [standard deviation]) for the corresponding data set. Smaller the average simpler the model, significantly small models are shown in boldface. In order to prove the significance of the reported results, we performed statistical significance tests at α = 0.05. Since the bootstrapped sample of data sets contribute to discover a model hence, the size of the discovered model is increased with the new ensemble approach. Table 5 presents the results based on Friedman tests with Hommel's post-hoc analysis [4, 6] for the test error and the model size. For each algorithm, the table shows the average rank, p-value, and the adjusted p Homm value. The statistically significant difference is determined with the adjusted p-value: if the p Hommel is less than 0.05 then the difference in the ranks is statistically significant at α = 0.05 level. All the ensembles except ecAM , achieved better ranks in comparison with the single classifiers improved the performance by reducing the test error. Of those three ensembles, eU − cAM P B attained the best average rank outperforming the state-of-the-art Ant-Miners, thus, improved the performance. ecAM is the only bagged ensemble that has not improved the performance over the standard Ant-Miner variations. Shaffer [17] presented a statistical procedure in order to perform pair-wise comparison of multiple hypothesis. In this paper, we use this procedure to conduct a pair-wise comparison of multiple Ant-Miners. Table 6 presents the multi-classifier comparison results at α=0.05. In the table, significantly better results are shown in boldface. For example, in cAM vs. eU cAM pb , from the Shaffer's test, eU cAM pb outperforms cAM. This analogy applies to all the pair-wise comparisons that their p-Shaffer value is in bold.
Recall that the Ant-Tree-Miner and the Unordered-cAnt-Miner P B are the most unstable (discussed in section 3). Finally, from the results, it is now clear that the performance of the Ant-Miners is improved, thus, the stability also enhanced, through the introduction of the ensemble approach.
Conclusion
This paper has proposed to apply the bagged ensemble approach on Ant-Miners, eAntMiner, to improve the stability of ACO classification. The stochastic nature of the ACO classifiers exert instability in the final discovered model that contributes to the high level of classification error. This is an important reason for the instability of the Ant-Miners. In the case of Ant-Tree-Miner, change in at least one node of a tree highly changes the final results, which is another important reason for instability. The main objective is to reduce the error there by improving the accuracy of various Ant-Miners that indeed improves the stability.
We compared the proposed ensemble approach with the single Ant-Miners in terms of average test error as it is often used as a standard measure to evaluate the performance of a classifier. We evaluated the new approach on 17 publicly available data sets. As a result, we reduced the test error of the classifiers that improved the stability and the performance of the ACO classification. Our results showed that the ensemble Ant-TreeMiner (eATM) outperformed the state-of-the-art Ant-Miners and most of the proposed ensemble approaches.
In general, ensemble methodology seeks opinion of several experts before taking a decision on the prediction. Researchers of various fields starting from statistics, evolutionary computation, to machine learning have explored the use of ensemble methods. The proposed approach concentrated only on producing bagged ensembles for multiple and binary class classification. There are other ensemble approaches BOOST , ADABOOST that we aim to explore in future. We recommend to apply these new methods to hierarchical data sets. We also recommend to employ the ensemble methods proposed in [16, 3] on Ant-Miner variations to further improve the ACO based classification.
